ABSTRACT By segmenting, modeling, and visualizing computed tomography sequence data, surgeons can better understand the spatial relationship of the intrahepatic vein, portal vein, artery, and tumor. Accurate preoperative understanding of liver anatomy and volume of the corresponding liver segment are necessary for anatomical liver resection. This paper gives an efficient and semiautomatic method for segmenting the liver in clinical cases. This method is based on Couinaud's theory and automatically divides the liver segment by portal vein branches. Considering the vascular variation of individual cases, the adjustment of the portal vein branches was provided on the basis of automatic segmentation, thus adaptability to various cases was implemented. For the final segmentation results, the portal vein blood supply of different liver segments can be confirmed by 3-D visualization, and the liver volume can be accurately estimated. Experiments show that this liver segmentation method has good clinical value.
I. INTRODUCTION
Liver is a tumor-prone organ. Since liver is a solid organ, only radiological methods can observe the position and size of a tumor in liver, which makes precise live surgery planning possible. Recent development of computed tomography (CT) and magnetic resonance imaging (MRI) techniques are beneficial for complicated liver surgery and increase the survival rate of liver tumor resection. However, the intrahepatic duct system has a very elaborate anatomy and complex pathological changes, composed of the hepatic artery, portal vein and biliary intrahepatic vein. The spatial relationships between lesions and adjacent tissues is obtained solely through imagination and experience based on 2D images of the duct system and lesions provided by CT or MR, which cause difficulty for understanding subtle anatomical changes caused by the disease. On the other hand, the development of clinical medicine requires more precise liver surgery and preoperative planning. Thus, researchers and doctors develop computer imaging techniques to extract regions of interest (ROI) from CT and MR images, reconstruct 3D surface models, and then plan the surgery in this virtual space. Significant improvements in medical imaging and surgical effects were declared by Radtke et al. [1] and Wang [2] .
Liver segment theory divides the liver into independent segments, each having individual vessels for blood supply and return, and resecting any segment will not influence other segments [3] . This theory is the anatomical basis for precise liver resection. Because of individual differences in liver anatomy and the intrinsic high risk of liver surgery, to guarantee normal function of the postoperative liver, precise liver resection theory advocates that the number of liver segments involved in surgery should be as few as possible, and major intrahepatic vessels should not be injured.
Couinaud's liver segment theory is widely accepted. Current anatomical and radiological research states that variability of segmental boundaries leads to infeasibility of any fixed scheme. Couinaud also declared the existence of the ninth segment [4] . Strunk [5] analyzed the limitations of Couinaud's theory and proposed that portal vein anatomy was a key element in candidates for systematic sub-segmental hepatectomy. Strunk also agreed that 3D-reconstructions were useful to show the exact vascular anatomy and helpful to find portal segment boundaries. The challenges of applying 3D-reconstruction techniques in liver segments include the following: difficulty in extraction of the portal vein in blurry images, time-consuming computer processing, and complex vascular anatomy variation. To satisfy clinical practice, this paper proposes a vascular enhancement algorithm for vein extraction, improves the efficiency of all process phases, and provides a flexible, interactive operation to address vascular anatomy variation.
Our liver segmenting phases are as follows. First, we extract the portal vein and hepatic vein from images using a vascular enhancement algorithm. Then, we extract liver from the images using a level set algorithm, followed by construction and labeling of the vascular tree. Finally, we generate liver segments. As a result, portal vein, hepatic vein, liver segments and lesions can be shown together in 3D virtual space with independently adjustable color and opacity, and their anatomical relations can be observed clearly from any viewpoint. According to their clinical experience, doctors can adjust the segment labels of the vascular tree to achieve more exact liver segments, and then design a more precise liver surgery plan.
The following sections will describe the details of the vascular enhancement algorithm, liver extraction, and liver segmentation. The exactness of liver segmentation is hard to evaluate, however, so we designed experiments to evaluate the accuracy of vascular extraction and liver extraction.
II. VESSEL EXTRACTION
Spiral CT angiography is an important liver vascular imaging technology. However, due to image noise and individual differences, the vascular regions are usually inhomogeneous and have low contrast with other regions, and extracting vessels from blurred images is still challenging for computer imaging algorithms [6] . Researchers developed a variety of vessel extracting algorithms based on image processing theory, including a threshold segmentation algorithm, region growing algorithm, probability distribution model and graphbased segmentation. Selle et al. [7] extracted liver vessels based on an adaptive region growing algorithm. Freiman [8] proposed multi-class smoothed Bayesian classification for vessel extraction. Homann and Vesom [9] used a three dimensional graph cut to segment, while combing probability information and surface smoothness as constraints. Guo et al. [10] applied fuzzy connectedness in hepatic vessel segmentation using adaptive thresholds based on a watershedlike method. The above methods can achieve satisfactory results for clear angiography images. However, in clinical practice, intrahepatic vessel images are always fuzzy and discontinuous, and these segmentation methods may easily lead to inaccurate or over-segmentation.
A method of vessel detection is used to extract vascular regions from fuzzy images in this paper. First, the image is preprocessed using a histogram method, which enlarges the grayscale ranges of the regions of interest and suppresses the grayscale ranges of other regions. Second, an improved Hessian vessel enhancement algorithm is executed to enhance the grayscale values of tubular structures. Finally, vessels are extracted by a region growing algorithm. On the left of Fig. 1 is the initial image, in the middle is the improved Hessian enhancement result, and on the right is vessel extraction result. This method not only avoids the shortcoming of region growing, which cannot extract fuzzy small vessels but also avoids the drawback of vessel enhancement filtering, which performs poorly with multi-scale tubular structures.
A. VESSEL ENHANCEMENT
The Hessian vessel enhancement filter detects tubular structures based on the eigenvalues of the Hessian matrix. Let λ 1 , λ 2 and λ 3 be the eigenvalues of the Hessian matrix sorted by increasing magnitude. Van et al. [11] provided a measure of ''Vesselness'':
where α, β and C are thresholds which control the sensitivity of tubular structure to plate-like and blob-like structure. accounts for deviation from a blob-like structure, where the ratio attains its maximum for a blob-like structure.
Although a conventional Hessian vessel enhancement filter can enhance tubular structures and restrain plate-like or bloblike structures, it cannot completely detect low grayscale vessel structure in fuzzy images due to the unclear feature of the tubular structures. Due to the variations in vessel area intensity and noise, we provide an improved measure of ''Vesselness:''
where e −a * |λ 1 | restrains plate-like and blob-like structure, e b * min(−λ 2 ,−λ 3 ) and min c (−λ 2 , −λ 3 ) enhance tubular structure.
B. REGION GROWING ALGORITHM
The vascular trunk is usually clear even in blurred images, so the target of our Hessian enhancement is to detect small tubular structures. This Hessian enhancement may form hollow tubes for the large vessels such as the trunk of the portal vein and artery. We apply region growing to extract vessels from enhanced images, which easily fills the hollow spaces. In this way, our Hessian vessel enhancement filter does not need to handle multi-scale tubular structures. This region growing algorithm is simple but noise-sensitive, and may obtain vessels poorly from a blurred image. By applying region growing on images generated by Hessian vessel enhancement, this problem is avoided while diminishing the false tubular structure, and thus abundant vessels are extracted with very little noise. The basic idea in region growing is to group voxels into larger regions based on predefined criteria. Starting from a set of seed-voxels, regions are grown by appending neighboring voxels that have similar properties to the seeds. The definition of similarity is the key issue and is dependent on the application. We define the similarity measure based on the intensity difference between the seed-voxels and the voxels that are candidates for inclusion in the region. When no more voxels fulfill the similarity measure, the growing is stopped.
Our Vessel segmentation method is suitable for clinical use. Almost all vessels distinguished by human eyes can be detected, and the total process of Hessian vessel enhancement and region growing algorithm always finishes within one minute.
III. LIVER EXTRACTION
Liver extraction is very important for liver surgery and the computer-aided preoperative planning. However, due to intensity overlapping, blurred edges, large variability in shape and appearance, and complex, cluttered backgrounds, it is still a challenging task. The commonly used methods for liver extraction include the grayscale-based method and the modelbased method. The former is popular for its robust and ease of implementation, but it is not suitable for margin-blurred and low-contrast images because of its lack of contextual information. The grayscale-based method mainly includes image histogram clustering algorithms [12] , [13] and threshold algorithms [11] . The model-based method is a top-down processing method based on a pre-defined model, which can combine the low-level visual features with high-level prior knowledge. Compared with other methods, it is more suitable to address medical images with significant individual differences and complex structures. The model-based method mainly includes geometrically or statistically active shape models and active contour models [14] , [15] . The shortfall of model-based method lies in the necessity of a large amount of training data, the time consuming training required, and the requirement of manual initialization.
The active contour model belongs to the model-based method, which uses curved deformation to match the target shape in the image. The method first initializes a closed curve, and then moves the curve to the boundary of the target object by minimizing the energy function, thus obtaining the image segmentation results. The geodesic active contour [16] , [17] is a special active contour model based on curve evolution theory and the level set method. This method is widely used in the field of complex medical image processing because of advantages such as initial contour insensitivity, convergence effect of the concave edge and adaptation to topological changes of the curve. In this method, the evolution equation is:
where k = div( ∇∅ |∇∅| ) represents the curvature of curve and c is a positive real constant. The evolution equation not only has the properties of ''shortening,'' but also has the properties of ''smoothing''. We usually choose:
We extracted liver tissue using geodesic active contours based on the edge information. The segmentation process is as follows. First, obtain the initial contour and calculate the signed distance function according the initial contour. A region growing method is executed one or more times to get the initial contour, which guarantees distribution of the initial contour inside the liver and reduces the number of evolutions of the level set. Second, the contour evolves according evolution equation until the contour arrives at the boundaries of the object or is forced to stop manually. We tested our liver extraction algorithm on the liver segmentation challenge datasets of MICCAI2007, obtaining a mean of the Volumetric Overlap Error of 7.76%, mean of the Relative Volume Difference of 3.44%, and mean of the Root Mean Square Symmetric Surface Distance of 2.81 mm. These results meet the requirements of clinical use, while the average processing time for liver extraction is within three minutes.
IV. LIVER SEGMENTATION
Couinaud's liver segmentation is based on the Glisson's sheath in the liver, which states that the liver can be divided into eight independent segments, each having a branch of the portal vein at its center and vascular flow through the hepatic veins on the periphery. The three main hepatic vein branches create four vertical planes, and the direction of portal vein creates horizontal ones. Couinaud's liver segment is widely used at present, but Fasel et al. [18] had a different opinion on Couinaud's liver segments. He noted that the inconsistencies of anatomical variations with Couinaud's eight-segment concept were not due to the variability of the vessels in the liver, another anatomical theory allows us to understand different concepts of liver segments. He demonstrated that the number of branches from the left and right portal vein was not 8, but 9-44, from an average of 20. The presence of eight liver segments was a special case. A number of surgeons demonstrated this idea through injecting dye into the portal vein branch. Hahn et al. [19] introduced a method of liver segmentation based on Couinaud's liver segment theory. The focus of this article is the vessel segmentation method and approximation of liver segments where the vessel tree is labeled manually. In our paper, liver segments are obtained according to the third branch level of the portal vein. The main process of liver segmentation includes: extracting the centerline of the portal vein, constructing and labeling the centerline and generating liver segments, as shown in Fig. 2 . 
A. CENTERLINE EXTRACTION METHOD
Thinning is an important topological description of the image geometry. It creates a compact representation of the models that can be used for further processing. The three dimensional vessel is simplified as the center axis of the vessel, satisfying the geometrical and topological constraints with the 3D blood vessel in order to take advantage of existing computer techniques for analysis. The existing thinning algorithms for extracting centerlines from 3D objects mainly include distance transform methods, topological thinning methods, Voronoi-based methods, etc. The topological thinning method [20] is one of the commonly used methods, which aims to produce the geometrically correct and topology-preserving centerline. This method successively erodes the surface voxels of the object until one voxel wide lines remained.
When the vascular centerline extraction is completed, the radius of each voxel in the centerline is calculated as the shortest Euclidean distance from this voxel to the surface voxels. Our centerline extraction is usually completed in 30 s.
B. CONSTRUCTING THE VASCULAR TREE
To acquire liver segments according to the third branch level of the port vein, the centerline structure of portal vein should be stored as a tree data set. Then, each node of the tree will be labeled, such that differently labeled nodes correspond to different liver segments.The caudate lobe receives the blood supply from a branch of the portal vein near the hilar plate, so we label the caudate lobe in the centerline of portal vein near the hilar plate. The other liver segments are labeled according the blood supply of the third branch levels of portal vein.
The process of the centerline construction and labeling are as follows: the node is the basic element of the tree.
The properties of each node include its position, type, radius, parent node, son node, length, and upper branch node. The position of a node is the index of a point in the centerline. The types of nodes include leaf node, connection node and branch node. If the position of node in the centerline has one neighborhood point, it is defined as a leaf node. A connection node is the one that has two neighborhood points. A branch node is the one that has three or more neighborhood points. The node radius is the voxel radius. The length is the number of nodes from one node to its upper branch node. A root node's parent node is null and a leaf node's son node is null.
First, select a seed point in the centerline near the first portal hepatic and set it as the root node. Set the type of node according to the number of neighborhood points and other node properties. The branch node of the root node is itself, the parent node is null, and the son node is the node of neighborhood points.
Second, count the number of neighborhood points and set the properties of the son of the root node. If the node type is leaf or connection, the branch node of the node is the same as the parent node; else if the node type is branch, the branch node is the current node.
Third, according to the previous step, add all nodes of the centerline to the tree data set in turn. After this, the tree data set construction is completed.
Lastly, search from the root node in the tree data until finding the main branch node which divides liver into the left and right liver. The main branch is defined as follows. For a branch node, calculate the average radii of the ten left son nodes and ten right son nodes. If the difference of these two radii is less than 10 pixels, mark this branch node as main branch node. Search the sons of the main branch node, find the second level of main branch nodes and continue to search the third level of main branch nodes. Label the sons of the branch node with different values, and all son nodes of the labeled node are labeled with the same value. After this, the tree data set is completely labeled.
The tree data set of the portal vein may include cyclic structures and false branches due to the quality of the images. As there is no cycle in abdominal vessels, cyclic structures and false branches should be removed. More than one path between two branch nodes indicates a cyclic structure. Cyclic structures are removed by comparing the lengths of all paths between two branch nodes and keeping the shortest one. A false branch is the thinning result of protruding portion of a vessel wall, usually having fewer nodes. Fig. 3 shows a detailed labeling process. Every sphere represents a node. The bottom sphere is the root node, and the black spheres represent main branch nodes. Sons of the third branch nodes are labeled with different numbers, as shown in the top circle.
The vascular tree construction converts the three dimensional data into one dimensional data, bringing benefits such as reduction of memory space consumption, computing efficiency, and topological correctness. According to the blood supply of the third branch of the portal vein, the vascular tree can be labeled, which is the foundation of the liver segment. In addition to the automatic labeling, we also provide manual interaction to adjust the labeled tree in order to get more accurate segments based on the doctors' clinical experience. Fig. 4 shows an example of adjusting the vascular tree labels. Automatic labeling results sometimes contain mistakes due to the variety of the portal vein and the limitation of the hypothesis of the main branch node search. If the main branch node is incorrect, the corresponding error of centerline label can be corrected by manual interaction. The process of correct centerline is shown in Fig. 4 . The automatic labeling result is shown in (a), where part of segment IV is wrongly labeled III, and after setting a seed point and the correct label, the corrected segment IV is shown in (c). The correct centerline result is shown in (d).
C. LIVER SEGMENTATION METHOD
The principle for determining the area of the vascular distribution is based on a definition proposed by Hahn et al. [19] : if a point of the liver is near a vascular branch, then the point belongs to the distribution area of the vascular branch. Thus all points of the liver are divided by the vascular branches according to the nearest rule in space. A commonly used method is the Voronoi diagram, which is effective to solve the neighborhood problem in space. The Nearest neighbor Segment approximation [8] (NNSA) is the most popular one of the special variety of Voronoi diagram, which is based on Euclidean distance function:
where we define for each branch B i (i = 1, . . . , n) and n is the total number of voxels, L is the set of all voxels. Each voxel v is assigned to a branch k as follows:
Thus, we have liver segment i as follows:
It is usually necessary to repeat this calculation many times to obtain the minimum distance of each voxel. To reduce the computational complexity, we refine the NNSA in the following way:
1) The labeled centerline is projected to the liver, so the corresponding voxel in the liver is labeled with the same value as the centerline. 2) Set all neighborhoods of the labeled voxels to the same value. 3) Repeat until all voxels in the liver are labeled. 4) After all voxels are labeled, gather the voxels with the same label value to constitute one liver segment, and then reconstruct 3D surface models.
V. EXPERIMENTS A. VASCULAR ENHANCEMENT EXPERIMENT
We applied the vascular enhancement algorithm on blurry images with the parameters α = 0.8, β = 1.2, a = 1.0, b = 2.0 and c = 1.0, which are suitable for the scale of the portal vein. A seed point was arbitrarily selected in the portal vein region, the high and low thresholds were chosen according to grayscale differences, and the vascular enhancement algorithm was executed to extract the portal vein automatically. Fig . 5 shows the 258th slice of portal venous phase angiogram images of Philips MDCT with a resolution of 512 * 512 * 351. Fig. 6 shows the result of our algorithm at the same slice, where gray region is extracted by the algorithm. Fig. 7 is the volume rendering of corresponding images. Fig. 8 shows the 3D surface model of the gray region VOLUME 5, 2017 FIGURE 6. Extraction result. in Fig. 6 . Volume rendering is considered to display as much image details as the human eye can observe, but Fig. 7 and Fig. 8 give interesting contrast: the portal vein in the volume rendering is not abundant enough, along with the noise, while the surface model of the portal vein generated by our algorithm is very abundant, nearly including all vascular branches which can be recognized by human eyes.
B. LIVER EXTRACTION EXPERIMENT
Volumetric Overlap Error (VOE), Relative Volume Difference (RVD) and Root Mean Square Symmetric Surface Distance (RMSD) are three parameters often used to evaluate the accuracy of liver extraction. In this experiment, the liver regions are drawn manually in every slice of medical images, while our liver extraction algorithm is applied on the same images. Following this, VOE, RVD and RMSD were calculated and analyzed. Assuming A is the manually drawn liver region and B is the algorithm extracted liver region, VOE, RVD and RMSD should be defined as follows:
Smaller VOE corresponds to higher accuracy.
2) RVD = (A − B)/B
Smaller RVD corresponds to higher accuracy. However, the RVD solely means A and B have the same 
RMSD is calculated by the following equation.
where S (A) represents the surface point number of A, and S (B) is defined simlarly. This experiment was carried out on twenty CT image datasets provided by MICCAI 2007 liver segmentation challenge datasets. 4, 16, and 64 CT scanners were used to acquire images, most of which were pathologic and included tumors, metastases and cysts of different sizes. The manual results were already provided in these datasets, and the results for comparison were generated by the liver extraction algorithm described in section 3. The VOE, RVD and RMSD of these two groups of results are given in Table 1 .
In this experiment, the mean of the VOE is 7.76%, the mean of the RVD is 3.44%, and the mean of the RMSD is 2.81 mm. In consideration of clinical value, segmentation methods must be adapted to different data sources with different image qualities, including the slice distance, the space occupying lesions, and the clarity of vessel images [21] . Our liver extraction algorithm was apt to achieve more accurate results for images which were clear and homogenous, for images with small slice distances, and for images without occupying lesions. However, our algorithm also achieved satisfying accuracy, even for images with poor quality, as shown in Table 1 .
In addition to the twenty image datasets, our segmentation algorithm has been applied in 60 datasets provided by Zhu Jiang Hospital of Southern Medical University. The segmentation result met the requirements of clinical use. Fig. 9 shows a standard liver segments of Couinaud's theory, which illustrate the anterior and posterior surfaces of liver divided based on functional anatomy. Fig. 10 exhibited two groups of results of liver segmentation generated from two CT image sets by our method. As shown in Fig. 10 each segment receives its blood supply from an independent branch of the portal vein and has its own hepatic vein for blood return. 
C. LIVER SEGMENTATION EXPERIMENT

VI. CONCLUSION
Each liver segment can be regarded as a separate unit in anatomy and function, which can be resected independently. Liver segment theory is the anatomical basis of precise liver surgery. 3D surface models of liver segments can be generated from radiological images using computer techniques, and then the anatomical relations between lesions, adjacent vessels and segments can be observed directly and accurately in virtual space. On this basis, quantitative analysis of lesions and surgical navigation are possible. This paper designs the liver extraction algorithm and vascular enhancement algorithm, calculates the vascular centerline, constructs and labels the vascular tree, and generates liver segments. The major contributions include: the liver extraction algorithm and vascular enhancement algorithm are accurate and efficient, and therefore suitable for clinic use; the three dimensional vessel is simplified as a centerline to build and label vascular tree; cycle and false branches of the vascular tree are removed to improve robustness; finally, NNSA is refined to generate segments more efficiently. As the result, the pathway of the portal vein and hepatic vein can be displayed clearly in virtual space, and the anatomical relationship between lesions and liver segments is observable and measurable. Portal venous phase angiogram images are prone to poor quality, which can cause current algorithms to ignore very small vessels and lead to a decline in accuracy of liver segments. Our further work aims at a more delicate vascular enhancement algorithm.
